Abstract-Medical imaging is though expensive because of capital costs, is easy to perform because of its noninvasive nature. In order to provide better analysis and diagnosis, various features have been extracted from any images. In this paper many important features of the ultra sound kidney images have been extracted and analysis has been made for the proposed image retrieval from the image database. Quantitative establishment of use the features for detection of abnormalities in Ultra sound kidney images have been made. Here, we made an analysis that the texture has been used to discriminate among the various types of tissue in image applications. Various important features namely contrast, homogeneity, correlation, energy, autocorrelation, variance, co-variance, inertia, promenance, shade, dissimilarity, inverse difference moment (IDM), maximum probability and entropy have been extracted and analyzed for the application in connection of a image database for the image retrieval process.
INTRODUCTION
Visual features were classified into primitive features such as color or shape, logical features such as identity of objects shown and abstract features such as significance of scenes depicted [1] . Still, currently available systems only use primitive features unless manual annotation is coupled with the visual features [2] . Even systems using segments and local features such as Blob world are still far away from identifying objects reliably. No system offers interpretation of images or even medium level concepts as they can easily be captured with text [3] - [4] . This loss of information from an image to a representation by features is called the semantic gap [5] .In earlier stages, features were calculated in the spatial domain, and the statistical nature of texture was taken into account in the procedure, which was based on the assumption that the texture information in an image I was contained in the overall or "average" spatial relationship which the gray tones in the image have to one another [6] . The classification of ultrasonic liver images by making use of some powerful texture features, including the spatial graylevel dependence matrices, Fourier power spectrum, the gray-level difference statistics, and the Laws' texture energy  Manuscript received August 8, 2012 ; revised November 9, 2012 measures were studied [7] . The texture could be used to discriminate between various tissue types that were inaccessible to human perception and if so, then what were the most useful parameters were investigated by Mir et al [8] . A texture image analysis technique for characterizing and recognizing typical, diagnostically most important, vascular patterns relating to cervical lesions were described by Ji et al [9] . Five different texture feature extraction methods were most popularly used in image understanding. They showed that there was considerable performance variability between the various texture methods. Later on Sharma and Singh [10] found that co-occurrence matrices and Law's method perform better than other techniques. A method for three-dimensional (3-D) texture analysis of magnetic resonance imaging brain datasets was developed. This method was based on extended, multi sort cooccurrence matrices that combine intensity, gradient and anisotropy image features in a systematic and consistent way [11] .
II. STATISTICAL METHODS OF FEATURE EXTRACTION
The evaluation and development of new approaches for calculating texture have been a particular focus. Historically there have been two major approaches, i.e., structural and statistical approaches. The structural approach describes a texture by a sub pattern or primitive and spatial distribution of primitives, so called the placement rule. The primitives are also called texture elements. For instance, to consider the brick wall the primitive is a brick and the placement rule specifies the arrangement of bricks in the wall. The statistical approach does not presume in term of primitive but it draws on the general set of statistical tool. It is the most widely used and more generally applied method because of its high accuracy and less computation time.
Texture statistics is frequently classified into first-order, second-order and high order statistics. They are referring to the gray level distribution of pixel on an image. The gray scale is a black and white image at any given focus of pixel, typically there is a corresponding intensity on a range from 0 (black) to 255(white). That means an image is composed of an array of pixels of varying intensity across the image, the intensity corresponding to the level of grayness from black (0) to white (255) at any particular point in the image.
A. Gray-Level Co-Occurrence Matrices
The gray-level co-occurrence matrix (GLCM), a frequency matrix, is a useful method for enhancing details and is used as an aid for interpretation of an image. The GLCM is a tabulation of how often different combinations of pixel brightness values (grey levels) occur in an image. The GLCM indicates the frequency of a pair of pixels that Analysis of Ultra Sound Kidney Image Features for Image Retrieval by Gray Level Co-Occurrence Matrices S. Manikandan, Senior Member, IACSIT, V. Rajamani, and N. Murugan are at "exactly the same distance and direction of the displacement vector". From this principal, it uses to computes the relationships of pixel intensity to the intensity of its neighboring pixels which are based on hypothesis that the same gray level configuration is repeated in a texture and pixels that are close together tend to be more related than pixels that are far away from each other [12] - [13] .
Graycomatrix creates the GLCM by calculating how often a pixel with gray-level (grayscale intensity) value i occurs horizontally adjacent to a pixel with the value j. Each element (i,j) in GLCM specifies the number of times that the pixel with value i occurred horizontally adjacent to a pixel with value j. The co-occurrence probabilities provide a second-order method for generating texture features. These probabilities represent the conditional joint probabilities of all pair wise combinations of grey levels in the spatial window of interest given two parameters: inter pixel distance (δ) and orientation (θ). The probability measure can be defined as:
where, C ij (the co-occurrence probability) between grey levels i and j and it can be defined as
where, P ij represents the number of occurrences of grey levels i and j within the given window, given a certain (δ, θ) pair and G is the quantized number of grey levels. The sum in the denominator represents the total number of grey level pairs (i, j) within the window. Graycomatrix calculates the GLCM from a scaled version of the image. By default, if I is a binary image, graycomatrix scales the image to two gray-levels. If I is an intensity image, graycomatrix scales the image to eight gray-levels The position of each element in the matrix indicates which pixel values are being compared (Fig. 1.) . The value at row i and column j gives the number of times that a pixel with the value j was to the immediate right of a pixel with the value i. Hence, the value 3 in the 2nd column, 3rd row of Fig. 2. indicates that a pixel value of 10 was to the right of a pixel with the value 20 counted 3 times. Meanwhile, the value 2 in the same position of GLCM from Fig. 2 . means a pixel value of 10 was to the right of a pixel with the value 20 counted 2 times.
GLCM texture considers the relation between two pixels at a time, called the reference and the neighbor pixel. In the illustration, the neighbor pixel is chosen to be the one to the east (right) of each reference pixel. This can also be expressed as a (1,0) relation: 1 pixel in the x direct ion, 0 pixels in the y direct ion. Each pixel within the window becomes the reference pixel in turn, starting in the upper left corner and proceeding to the lower right. Pixels along the right edge have no right hand neighbor, so they are not used for this count.
The top left cell is filled with the number of times the combination 0,0 occurs, i.e. how many times within the image area a pixel with grey level 0 (neighbor pixel) falls to the right of another pixel with grey level 0 (reference pixel). The result of a texture calculation is a single number representing the entire window. This number is put in the place of the centre pixel of the window, then the window is moved one pixel and the process is repeated of calculating a new GLCM and a new texture measure. In this way an entire image is built up of texture values.
B. Determining the Gray Level Co Occurrence Matrix
The gray level co occurrence matrix of the given images is calculated using the relation glcm = graycomatrix (I) creates a gray-level cooccurrence matrix (GLCM) from image I.
The matrix has been calculated for all the images and for all the four directions that is, 0, 45, 90 and 135.
Graycomatrix creates the GLCM by calculating how often a pixel with gray-level (grayscale intensity) value i occurs horizontally adjacent to a pixel with the value j. Each element (i,j) in glcm specifies the number of times that the pixel with value i occurred horizontally adjacent to a pixel with value j. Due to the intensive nature of computations involved, only the distances d = 1 with angles θ = 0°, 45°, 90° and 135 °are considered. glcm = gray comatrix(I, param1, val1, param2, val2,...) returns one or more gray level co-occurrence matrices, depending on the values of the optional parameter/value pairs. The SYNTAX used for calculating GLCM of the images was: The offset value is used to determine the distance and direction of pixel neighbor. [0 1] is the default value, that is, 0° direction in which the relation between the gray level value of pixel of interest is found out relative to its next right neighbor. We have used four different directions to calculate the values of GLCM, that is, 0°, 45°, 90° and 135°.
III. RESULTS AND DISCUSSIONS
The various texture parameters have been extracted for the ultrasound scan images of Kidney. Normal and abnormal Kidney ultrasound scan images have been taken and their textural parameters like contrast, homogeneity, correlation, energy, autocorrelation, variance, co-variance, inertia, promenance, shade, dissimilarity, inverse difference moment (IDM), maximum probability and entropy have been calculated. 
IV. CONCLUSION AND FUTURE WORK
Various important features of an Ultra Sound Kidney images have been extracted and analyzed using gray level co occurrence matrices. T test has also been performed for the extracted features for the further application in image comparison, image retrieval from the data base for diagnostic purpose. It is also found from the T test that the feature value in 0 0 angle and 45 0 angle are considered for further calculations of image retrieval. It is seen that the database with this parameter will be sufficient for comparative studies and retrieval while diagnosing. Only Ultra Sound images of kidney are studied in this work. Images of other body parts can be taken to see if the same results also apply to them or not. In addition, other images like MRI, CT Scan, X ray images etc. can also be taken and effects of various parameters can be studied on them. 
